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Layer-Level Progressive Transformer With Modality
Difference Awareness for Multi-Modal Neural

Machine Translation
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Abstract—Multi-modal neural machine translation (MNMT)
aims to translate sentences from the source language into the target
language with the aid of corresponding images. Unfortunately,
there is a considerable modality gap between the semantic-related
images and texts in terms of data form and semantic expression.
How to fully incorporate visual information into texts to enhance
the performance of machine translation is one of the critical issues
for MNMT. However, the initial visual and textual features are
generally extracted with their modality-specific models; Conse-
quently, there is a considerable representation gap between images
and texts. Most previous MNMT works prefer only to adopt the
feature-level fusion strategies to learn multi-modal representation,
while the modality representation gap is often ignored. To this
end, this article proposes a progressive multi-modal Transformer
(ProMul-Trans) with Modality Difference-Aware (MDA) to ad-
dress the visual-to-textual fusion problem raised in MNMT. We
first employ MDA to capture the modality-consistency information
by taking visual and textual representations as inputs in each
Transformer layer. Then a layer-level progressive fusion (Layer-
ProFusion) strategy is adopted to progressively align visual and
textual representations layer-by-layer to enhance machine trans-
lation performance. Experiment results on the Multi30 k dataset
are conducted, and the results show that the proposed approach
outperforms the compared state-of-the-art (SOTA) methods on
English → German (En → De), English → French (En → Fr)
and English → Czech (En → Cs) tasks. We release the code at
https://github.com/JunjieYe-MMT/HierProMul-Trans.

Index Terms—Layer-level progressive fusion, modality
difference-aware, multi-modal neural machine translation,
multi-modal transformer.
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I. INTRODUCTION

MULTI-MODAL neural machine translation (MNMT)
aims to translate source language sentences into target

language sentences by incorporating visual information as addi-
tional context, which has received widespread attention over the
past few years. A reasonable assumption of MNMT is that visual
information helps improve machine translation [1], [2], [3], and
many studies [4], [5], [6] have been carried out to demonstrate
the benefits of using images for machine translation.

Unfortunately, there is a considerable modality gap between
semantic-related images and texts in both data form and semantic
expression. As shown in Fig. 1, objects, such as buses, bicycles,
motorcycles, and people contained in the image are composed
of pixels, whereas textual information is typically represented
based on entities and their contexts, such as the words “bus,” “bi-
cycle,” and “motorcyclist.” Thus, incorporating visual informa-
tion into texts to enhance machine translation performance is a
critical issues for MNMT [7]. There have been many attempts to
explore the visual-to-textual fusion problem by adopting several
feature fusion strategies, such as feature concatenation [6], [8],
[9], [10], multi-modal gating [5], [6], [11], cross-attention [12],
[13], [14], [15], [16], adaptive feature selection [17], [18], [19],
[20], etc. In addition, other fusion strategies such as adversarial
learning [21], [22] and reinforcement learning [23] also have
been adopted for multi-modal fusion. However, most previ-
ous MNMT works only adopt feature-level fusion strategies to
learn multi-modal representation, while ignoring the modality
representation gap. The initial visual and textual features are
generally extracted using pre-trained visual models and textual
word embedding modules, respectively, resulting in a significant
representation gap between images and texts.

Narrowing the representation gap and performing feature-
level fusion are two coupled issues that need to be considered for
multi-modal fusion. Typically, the closer the representation gap
between images and texts, the more effectively visual and textual
features can be fused in multi-modal feature space. Simultaneous
awareness of representation gap and feature fusion might be one
of the most effective ways to promote the network to learn better
multi-modal representation.

To address the visual-to-textual fusion problem that arises in
MNMT, this article presents a progressive visual-to-textual fu-
sion framework based on MDA in the Transformer encoder. The
proposed approach performs multi-modal fusion layer-by-layer,
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Fig. 1. En → De multi-modal neural machine translation example.

progressively incorporating visual information into texts to en-
hance machine translation performance. Compared to existing
works, the major contributions of our article are three-fold.
� We propose an MDA-enhanced ProMul-Trans approach

to address the multi-modal fusion problem that arises in
MNMT, with the goal of improving machine translation
performance by effectively incorporating visual informa-
tion into the translation process.

� Our approach adopts a layer-level progressive multi-modal
fusion strategy, called Layer-ProFusion, which is based on
MDA and aimed at encouraging the encoder to learn better
multi-modal representation. Specifically, the MDA mod-
ule captures overlapping semantic information between
texts and images at each encoder layer. We then employ
the MDA-based Layer-ProFusion strategy to progressively
incorporate visual features into texts, thereby narrowing
the gap between the two modality in the multi-modal
representation space.

� Extensive experimental results on the Multi30 K bench-
mark dataset demonstrate that our proposed model outper-
forms other SOTA MNMT approaches and significantly
improves machine translation performance on the English-
German, English-French, and English-Czech translation
tasks.

II. RELATED WORK

MNMT has drawn much attention over the past few years,
which has become one of the most active fields in natural
language processing (NLP). Learning better representations in
multi-modal common feature space is one of the significant
challenges for MNMT. In the following, we provide an overview
of visual-to-textual fusion approaches for MNMT.

A. RNN-Based MNMT Model

Earlier multi-modal fusion methods are mainly presented in
RNN-based seq2seq frameworks. Global visual features ex-
tracted from the pre-trained CNN models were used to initialize
the hidden states of the RNN encoder and/or decoder [18],
[24], [25], or to augment the textual features as an additional
inputs [18]. Although these methods could improve the perfor-
mance of machine translation, visual features are not aligned
with textual features. To better align visual and textual semantic
features, Caglayan et al. [26], [27] leveraged a multi-modal
attention mechanism to simultaneously pay attention to images
and their corresponding texts; Calixto et al. [19] adopted two
modality-specific attention mechanisms to align both visual
and textual features for MNMT. Delbrouck and Dupont [28]
proposed a local visual attention mechanism to align local visual

features with textual features to enhance the performance of
machine translation.

B. Transformer-Based MNMT Model

With the development of machine translation techniques,
most recent MNMT approaches are presented based on Trans-
former structure [29]. We summarize the existing multi-modal
fusion strategies in the following three aspects: 1) Cross-modal
interactive attention mechanism, Zhao et al. [16] utilized object
detection features with an additional region-dependent attention
mechanism to fuse regional visual and textual features; Nishi-
hara et al. [30] presented a supervised cross-modal attention
module to align textual and visual features; Song et al. [14]
employed a co-attention graph updating module at each Trans-
former encoder layer to align multi-modal features. 2) Feature
concatenating methods, Yao et al. [8] used a multi-modal Trans-
former to align both visual and textual features; Takushima
et al. [9] concatenated both global visual features and textual
features as multi-modal features for MNMT; Li et al. [6] directly
concatenated textual and visual representations as the multi-
modal representation to preserve fine-grained features and avoid
confounding modality-specific features. 3) The gating fusion
methods, Yin et al. [5] proposed a graph-based MNMT approach
to extract multi-model features through a text-image gating
attention mechanism; Lin et al. [11] adopted a gating mechanism
to fuse visual features extracted by a dynamic context-guided
capsule network; Li et al. [6] used a gating fusion approach to
resolve ambiguous word translation problems; Zhao et al. [15]
proposed a word-region alignment-guided approach to align
textual and visual features for MNMT. However, most MNMT
works only focus on feature-level fusion based on the initial
visual and textual features extracted from modality-specific
networks in their corresponding feature space. The modality
representation gap between images and texts is often ignored in
the above MNMT approaches.

III. METHODOLOGY

MNMT faces more significant challenges due to the modal-
ity gap between images and texts than other text-only NMT
approaches. While many current MNMT approaches are prac-
tical, they may not effectively bridge the modality gap between
images and texts, thereby limiting the further improvement of
machine translation performance. In this article, we propose an
MDA-enhanced ProMul-Trans encoder that adopts a layer-level
progressive multi-modal fusion strategy to enhance machine
translation performance. The framework of the ProMuli-Trans
encoder is illustrated in Fig. 2.

There are several stacked encoder layer in the ProMul-Trans
encoder, each encoder layer comprises four sub-layers: 1) Fea-
ture extraction layer; 2) The MDA module; 3) Cross-modal
interaction module; and 4) The layer-ProFusion module.

A. Feature Extraction

Without loss of generality, denote by xk = {xk
1 , . . . , x

k
n} and

zk as the source sentence and the image of the k-th data-pair,
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Fig. 2. Architecture of our proposed MNMT.

respectively, where n is the length of xk. The sentence words
are embedded via traditional embedding layer with position
embedding, and image features are extracted by the pre-trained
Resnet-101 model [31]. Formally, the textual representation Ex

k

and visual representation Ez
k are calculated as follows:

Ex
k = embx(xk) (1)

Ez
k = embz(zk) (2)

where, embx is the textual embedding layer with both word em-
bedding and position embedding, embz is the visual feature ex-
traction layer with Resnet-101, Ex

k ∈ Rn×d1 and Ez
k ∈ R7×7×d2 .

B. The MDA Module

The modality gap between images and texts is one of the criti-
cal factors affecting multi-modal fusion. Awareness of modality
differences might be the most direct way to quantify the visual-
to-textual gap in multi-modal common semantic space. It would
be helpful to enhance the performance of machine translation. To
this end, a novel MDA module is proposed to dynamically quan-
tify the modality gap between images and texts in each encoder
layer. The MDA module can promote the network to learn the
modality-consistency representation based on the gated fusion
mechanism by taking both visual and textual features as inputs.
The proposed MDA structure is visualized in Fig. 3. Formally,
the extracted modality-consistency representation Ccon,l−1

k are
computed as follows,

σo
k = Sigmoid(Wo · (Cx,l−1

k || (WzCz
k))) (3)

Ccon,l−1
k = σo

k �WxCx,l−1
k (4)

where, Cz
k and Cx,l−1

k denote the visual representation and
the l − 1-th layer textual representation, respectively, l is the

Fig. 3. Diagrams of the MDA module.

Fig. 4. Visualization of σ0
k in MDA. The club symbol represents the image

paired with the text, the spade symbol represents a randomly selected image.

Transformer layer index and Cx,0
k = Ex

k when l=0, Cz
k = Ez

k;
|| denotes the feature concatenation operation in the last di-
mension, the multi-modal gate σo

k ∈ Rn×d1 , � is the point-wise
multiplication operation, Wx, Wz,Wo are trainable parame-
ters, Ccon,l−1

k ∈ Rn×d1 denotes the learned modality-consistency
representation between images and texts.

Study of MDA: Inspired by [32], we conduct an experiment
to evaluate MDA’s ability to capture modality-consistency in-
formation. In Fig. 4, we have visualized the sigmoid function
of two samples. The club means that the image is semantically

Authorized licensed use limited to: Kunming Univ of Science and Tech. Downloaded on January 07,2024 at 07:47:47 UTC from IEEE Xplore.  Restrictions apply. 



3018 IEEE/ACM TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, VOL. 31, 2023

related to the sentence, while the spade means that the image
does not match the sentence (we randomly selected an image
loosely related to the sentence from the dataset). The results
show that 1) MDA can capture visual-related words (such as
“artist,” “dogs,” and “male”) for the matched text-image pair; 2)
when the image is loosely related to the sentence, MDA assigns
higher weights to unimportant words (such as “through,” and
“white”); and 3) MDA can still capture visual-related words
even when the image is loosely related to the sentence. These
results highlight the effectiveness of MDA’s gating mechanism
in capturing overlapping semantic information between texts
and images.

Then the well-known mixup strategy is employed to mix the
modality-consistency features Ccon,l−1

k with the textual features
Cx,l−1
k to learn the visual-enhanced multi-modal representation

Cm,l
k , which has been widely explored in CV [33], [34], [35] and

NLP tasks [36], [37], [38], [39],

Cm,l
k = ϕ · Ccon,l−1

k + (1− ϕ) · Cx,l−1
k (5)

whereϕ is a scalar mixing hyper-parameter leveraged to balance
both the modality-consistency feature and the textual feature,
Cm,l
k is the mixed multi-modal representation of the k-th data-

pair.

C. Cross-Modal Interaction Module

Then the cross-modal interaction module is employed in
each Transformer layer based on MDA to promote multi-modal
alignment. We leverage the visual-enhanced multi-modal repre-
sentation Cm,l

k as the query matrix and the textual representation
Cx,l−1
k as the key/value matrix. The cross-modal interaction

module can be represented as follows:

Hl
k = Multihead

(
Cm,l
k ,Cx,l−1

k ,Cx,l−1
k

)
(6)

= Concat
(
head1

k, . . . , headM
k

)
(7)

where, Multihead (·) is a multi-head attention layer, M denotes
the number of heads. Formally, the head attention is computed
as follows:

headc∈[1,M ]
k =

n∑
j=1

αij

(
WV

k,cCxj ,l−1
k

)
(8)

where, the weight coefficient αij is calculated by the softmax
function:

αij = softmax

(
(WQ

k,cCmi,l
k )(WK

k,cCxj ,l−1
k )T

√
d

)
(9)

where αij is the dot-product attention matrix, and i, j represent
the index of visual-enhanced multi-modal tokens and textual
tokens, respectively. WV

k,c, WQ
k,c, WK

k,c are trainable parameter
matrices. We adopt the attention mechanism to represent the
similarity of textual features and the mixed multi-modal features.

Similar to conventional Transformer-model architecture [40],
a position-wise Feed-Forward network (FFN) is then employed
as follows:

Cx,l
k = FFN

(
Hl

k

)
(10)

Fig. 5. Layer-level progressive fusion strategy in ProMul-Trans encoder.

The output of the l-th transformer encoder layer Cx,l
k is then

sent to the next transformer layer to further obtain the interactive
multi-modal representation. Denote by L the index of the last
transformer encoder layer, and the output of the transformer
encoder Cx,L

k is fed into the transformer decoder for target
sentence generation. Moreover, our model also adds the residual
connection between each layer and layer normalization in each
encoder layer.

D. Layer-ProFusion Strategy

Due to the modality gap between images and texts, it is
generally challenging to promote multi-modal alignment by
directly mapping visual features into textual semantic space. The
unaligned visual and textual features will lead to semantic infor-
mation inconsistency in the learned multi-modal representation,
affecting machine translation. To better narrow the multi-modal
gap, a Layer-ProFusion strategy is adopted in the ProMul-Trans
encoder, which can gradually incorporate visual information into
texts layer-by-layer with the guidance of modality-consistency
information. More concretely, when layer index l increases,
image information is more incorporated into texts. The proposed
Layer-ProFusion strategy is illustrated in Fig. 5.

Cm,l
k = β · Ccon,l−1

k + (1− β) · Cx,l−1
k (11)

β = γ ·
√
(l + 1) (12)
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where γ is the hyper-parameter, l is the Transformer layer index,
β is leveraged to balance both modality-consistency feature
Ccon,l−1
k and textual feature Cx,l−1

k , Cm,l
k is the fused multi-modal

feature in the l-th transformer layer.
Thus, modality-consistency feature extraction and multi-

modal fusion are interactively employed layer-by-layer to pro-
gressively incorporate visual information into texts in the
ProMul-Trans encoder. Then, the classic Transformer decoder
generates the target word sequentially by taking the output of
our proposed multi-modal Transformer encoder and the target
sentence as inputs.

IV. EXPERIMENT

We evaluate the performance of our model with the other
SOTA MNMT approaches on En → De, En → Fr and En →
Cs translation tasks, and we conduct experiments on four test
sets: 1) the Test2016, 2) the Test2017, 3) the MSCOCO and 4)
the Test2018. We first describe the implementation details and
the experimental setup. Then we compare our approach with
baselines with detailed analysis.

A. Datasets

Text: We carry out all experimental results on the Multi30K1

dataset [41]. The training, validation and testing sets contain
29,000, 1,014 and 1,000 text-image pairs, respectively. All sen-
tences in train, valid and test data sets have been pre-processed to
lowercase, normalized punctuation and sentence tokenization.
We directly use the pre-processed sentence pairs [5] via byte
pair encoding [42] segmentation with 10,000 merge operations.
The vocabulary sizes of each language pair are 8,503→9,388
tokens for the En → De translation task, 8,503→8,745 tokens
for the En → Fr translation task and 8,503→9,426 tokens for
the En → Cs translation task. Each image is paired with an im-
age description expressed by the original English sentence and
three target language sentences (German, French and Czech).
The experiments are conducted on four types of test sets: 1)
The Test2016 test set contains 1,000 sentence pairs; 2) The
Test2017 test set contains 1,000 instances in WMT2017 with
more difficult source sentences to understand and translate; 3)
The MSCOCO test set contains 461 sentences with ambiguous
verbs and encourages using images for disambiguation; and 4)
The Test2018 test set contains 1,071 instances with ambiguous
verbs.

Image: Visual features are extracted through the pre-trained
Resnet-101 [31], the spatial features are 7x7x2048-dimensional
vectors with 49 local spatial region features of the image.

B. Settings

We implement our proposed model based on the Transformer
framework [40]. We try different Transformer model sizes (Big,
Base, Small, and Tiny Transformers, see Table I) to find the
suitable parameter settings for the Multi30 K dataset. It is worth
noting that most of the existing MNMT approaches are based

1[Online]. Available: https://github.com/multi30 k/dataset

TABLE I
MODEL CONFIGURATIONS FOR BIG, BASE, SMALL, AND TINY

TRANSFORMER [43]

on Base [15], [44] or Small Transformer [45]. Compared with
most previous works using a 6-layer encoder-decoder, we only
stack 4 layers in both encoder and decoder. Concretely, the max
tokens are set to 4,096, the warmup-update is set to 2,000, and
the label smoothing value is 0.1. We use Adam optimizer with
β1, β2 = (0.9, 0.98). We adopt four heads here, and the dropout
is set to 0.3. The learning rate is set to 0.005 and 0.008 for the
En → De and En → Fr translation tasks, respectively. We stop
the training when the BLEU score has not improved within 15
epochs on the validation set. We train our models on a single
GTX 3090 GPU with fp16. Similar to most previous works, the
metrics 4-gram BLEU [46] and METEOR2 [47] are employed
to evaluate the performance of our model and report the average
scores over three runs.

C. Baseline Models

To verify the advantages of our proposed model, we compare
the performance of the following recent SOTA MNMT models
on the En → De, En → Fr and En → Cs translation tasks,
� VMMT [48]: A GRU-based MNMT model that incorpo-

rates image context learnted by a latent variable model.
� VAG-NMT [17]: A visual-textual attention mechanism is

employed to map textual and visual features into the multi-
modal shared space.

� Del+Obj [44]: The image and target sentence are jointly
trained in the decoder to generate good first-draft transla-
tions.

� DCCN [11]: A novel dynamic context-guided capsule
network is proposed to guide visual feature extraction to
improve machine translation performance.

� MNMT+SVA [30]: A supervised visual attention mecha-
nism is proposed to capture the text-related visual regions
for multi-modal machine translation.

� OVC+Lv [13]: An object-level visual context modeling
framework is built to efficiently explore and capture visual
information to guide machine translation.

� WRA-guided [15]: A word-region alignment-guided ap-
proach is proposed to establish semantic correlations be-
tween textual and visual features.

To ensure a fair comparison and demonstrate the superiority of
our proposed model, we reproduce several recent SOTA MNMT
approaches using the nearly identical parameter settings and the
same framework (the fairseq tool).

2[Online]. Available: http://www.cs.cmu.edu/alavie/METEOR/
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TABLE II
COMPARISON RESULTS ON THE EN → DE TRANSLATION TASK ON THE MULTI30 K DATASET

� Gated Fusion MNMT [5]: An efficient multi-modal To
ensure a fair comparison and demonstrate the superiority
of our proposed model, we reproduce several recent SOTA
MNMT approaches using the nearly identical parameter
settings and the same framework (the fairseq tool).

� Multimodal self-att [8]: A multi-modal transformer is de-
signed to extract the most relevant visual information and
improve machine translation performance by concatenat-
ing textual and visual features as the inputs of the multi-
modal cross-attention module.

� Doubly-ATT [49]: An additional doubly-attention sublayer
is inserted between the source-target attention and the feed-
forward sublayers in the decoder.

D. Results on the En → De Translation Task

Table II reports the main translation results of our model
and other SOTA models on the En → De translation task. Our
proposed model outperforms most existing baseline models and
only requires a small number of training parameters. Compared
with the other models in Table II, we draw the following inter-
esting conclusions:

1) Compared With Existing MNMT Approaches: Our model
outperforms existing SOTA models, and improves BLEU and
METEOR scores by 2∼3 points on most test sets. It confirms
that our proposed method could effectively use visual features
to improve machine translation.

2) Compared With Text-Only NMT: Our MNMT model sig-
nificantly outperforms text-only NMT, achieving a 1∼2 point
score improvement on all test sets. The experiment results show

the effectiveness of visual information in improving the quality
of machine translation.

3) Compared With Other Transformer Tiny-Based Methods:
Our proposed method outperforms the other SOTA methods,
which confirms the effectiveness of the proposed Lay-ProFusion
strategy for MNMT.

E. Results on the En → Fr Translation Task

To verify the generalization of our proposed model, we also
conduct experiments on the En → Fr translation task, as shown
in Table III. We also implement Transformer with various sizes
and reproduce recent SOTA methods on the En → Fr task. We
can observe the following conclusions:

First, our model outperforms existing MNMT models on most
of the test sets, which is consistent with the result of the En
→ De task. Furthermore, compared with text-only models, the
Transformer Tiny-based model achieves higher scores than the
other Transformer frameworks.

Second, compared with current competitive methods in the
same Transformer-Tiny framework, our method still achieves
the best value on most test sets. Additionally, compared with
text-only NMT, our MNMT model significantly improves ma-
chine translation performance, which is consistent with the
En → De task. Experimental results suggest that our model
can effectively utilize image information to improve machine
translation performance.

F. Results on the En → Cs Translation Task

To further verify the effectiveness and generality of our
MNMT model, we conduct experiments on the En → Cs [2]
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TABLE III
COMPARISON RESULTS ON THE EN → FR TRANSLATION TASK ON THE MULTI30 K DATASET

TABLE IV
COMPARISON RESULTS ON THE EN-CS TRANSLATION TASK

translation task. The En → Cs translation task is the third shared
translation task of the International Machine Translation Com-
petition, which is a very challenging task with many ambiguous
words. As reported in Table IX, our proposed model outperforms
previous methods and achieves the SOTA results on the En →
Cs translation task. This further confirms the effectiveness and
generality of our proposed model in different languages.

G. Ablation Study

To verify the effectiveness of our proposed method, we
conducted ablation studies on three translation tasks based
on Transformer-Tiny. 1) ablation study on MDA, 2) ablation
study on Layer-ProFusion strategy, and 3) validity of image
information.

1) Ablation Study on MDA: We first conduct an ablation
study on MDA to verify its contribution, as shown in Table V.

TABLE V
ABLATION STUDY OF MDA ON THE EN → DE, EN → FR AND EN → CS

TRANSLATION TASKS

Experiment results show that removing MDA leads to a signifi-
cant performance decline on three test sets. The results confirm
the effectiveness of MDA to improve machine translation.

2) Ablation Study on Layer-ProFusion: The impact of layer-
level progressive multi-modal fusion strategy is discussed in
this sub-section: The effect of different fusion ratios, the effect
of the multi-modal feature mixing strategy, and the effect of
the layer-level fusion mechanism. We can obtain the following
interesting conclusions:

Effect of different fusion ratios: We can observe that the exper-
imental results of our proposed model achieve higher machine
translation scores when γ = 0.2 on the En → De and En →
Fr translation tasks. So we choose γ = 0.2 as our experiment
setting.

Effect of the progressive fusion strategy: Comparing the
Layer-ProFusion strategy with the fixed scale fusion on two
translation tasks, the experiment results of Table VI show that the
progressive fusion yields additional gains on all test sets with an
average gain of around 0.5 points. Furthermore, the progressive
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TABLE VI
ABLATION STUDY ON PROGRESSIVE FUSION WITH DIFFERENT γ,ϕ VALUES ON THE EN → DE, EN → FR AND EN → CS TRANSLATION TASKS

TABLE VII
ABLATION STUDY ON LAYER-LEVEL FUSION ON THE EN → DE AND EN → FR TRANSLATION TASKS

fusion strategy outperforms the fixed scale fusion strategy even
under different γ parameter settings on the En → De task, which
is consistent with the results on the En → Fr and En → Cs
translation tasks. These findings indicate that progressive fusion
can significantly improve the performance of MNMT models.

Effect of the layer-level fusion mechanism: The impact of
the layer-level progressive fusion mechanism is illustrated in
Table VII. The machine translation scores decrease gradually
when the visual features are gradually removed from the top
down, consistent with the findings in the En → Fr task. Ex-
perimental results validate the effectiveness of the layer-level
progressive fusion mechanism.

Furthermore, we visualize the cosine similarity between text
representation Cx,l

k and image representation Cz
k in each layer

of the MDA-enhanced ProMul-Trans encoder (where l denotes
the layer index, and we choose l = 0, 1, 2, 3 in the manuscript),
as shown in Fig. 6. The horizontal axis indicates the index
of the image-text samples, and the vertical axis represents the
similarity between images and texts. The results show that our
approach successfully aligns the text and image representations
layer-by-layer, indirectly indicating the ability of our model to
align the two modalities.

3) Validity of Image Information: Inspired by Elliott [21], we
further examine the utility of images in machine translation by
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TABLE VIII
VALIDITY OF IMAGE INFORMATION ON THE EN → DE AND EN → FR TRANSLATION TASKS

Fig. 6. Visualization of the similarity of images and texts in different ProMul-
Trans layers.

adversarial evaluation. As shown in rows 2 and 5 of Table VIII,
when we replace the input images with blank images, the per-
formance of our model drops significantly. The results confirm
the hypothesis of our work that visual information is crucial
for enhancing machine translation performance. As shown in
rows 3 and 6 of Table VIII, when we replace input images with
randomly selected images from the dataset, the performance
is worse than that of the input blank images. The underlying
reason may be that the randomly selected visual features are
noisy, interfering with the translation.

H. Case Study

Fig. 7 depicts the translation of two cases in Test2017 test set.
Colors highlight improvement. In these examples, all baselines
do not correctly translate the low-frequency nouns or noun
phrases “spaghetti” and “log cabin.” However, our model can
generate them accurately (“spaghetti” appear one time, and
“holzhütte” appears two times in the Multi30 K training set). The
case study indicates that our proposed MNMT model can better
use visual information to improve translation performance.

Inspired by [29], we then generated a “heat map” to illus-
trate the correlation between text and image. This was accom-
plished by overlapping the heat map onto the image for a given
image-text pair, as shown in Fig. 8. The heat map results val-
idate that the MDA-enhanced approach successfully mapped
significant tokens onto their respective image regions, such as

“lady,” “white,” and “tennis racket.” These heat map visualiza-
tions provide additional evidence of the proposed approach’s
effectiveness in aligning the two modalities.

I. Human Analysis

To quantitatively demonstrate the effectiveness of the pro-
posed approach, we conduct two types of fine-grained human
analysis on the En-De and En-Fr translation tasks. We mea-
sure the quality of our translations by calculating the average
fidelity score on several randomly selected sets of 200 samples.
To ensure objective evaluation, we invite two Ph.D. students
to independently assess the translation results using fidelity,
which involves comparing the machine-translated output to the
reference translation. We define the average fidelity score as
follow:

Fs = 100 ∗ 1

N

∑
i

Si

S
(13)

where, i denotes the student index, and N is the total number
of Ph.D. students; Si and S represent the fidelity score given by
student i and the total fidelity score for the translated text.

Table IX shows the average fidelity scores for two translation
tasks on six randomly selected test sets of 200 samples. The
results show that 1) our model significantly improves fidelity
scores compared to text-only NMT approach; And 2) there is a
significant decrease in translation performance when the original
images are replaced with randomly selected images (following
the similar experiment setting in Fig. 4). Human analysis of the
En-De and En-Fr translation tasks confirms the effectiveness of
the proposed approach for machine translation.

As we know, images contain significant information in the
form of entities and poses. To conduct a more thorough analysis
of the translation quality, we perform a quantitative human anal-
ysis of token-level word translation. We evaluate the translation
performance of visual entities (such as “cars,” “clothes” and
“bicycles”) and poses (e.g., “hold”) on a randomly selected set
of 100 samples. The number of semantically correct translated
words are listed in Table X.

Table X shows that 1) the number of correct translated
visual-related words decreases when the original images are
replaced with randomly selected images, and 2) incorporating
visual information improves the quality of token-level word
translation when comparing our model to the text-only NMT
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Fig. 7. Examples of translations of different MNMT models. Visualize En→De translation results on the Test2017 test set. The improved translation is highlighted
in blue.

TABLE IX
AVERAGE FIDELITY SCORE ON THE EN-DE AND EN-FR TRANSLATION TASKS

Fig. 8. The heat map visualization of image-text pair.

TABLE X
THE QUANTITATIVE HUMAN ANALYSIS ON TOKEN-LEVEL WORD

TRANSLATION

approach. The human analysis of visual-related word translation
further confirms the effectiveness of our proposed approach. The
quantitative human analysis on sentence-level fidelity scores and
token-level translation further confirms the effectiveness of our
proposed approach.

V. CONCLUSION

In this article, we proposed an adaptive layer-level progressive
multi-modal fusion approach to address the multi-modal fusion

problem raised in MNMT. The MDA module is employed to
quantify the modality gap in each transformer layer, and the
layer-level progressive fusion strategy is adopted based on MDA
to gradually incorporate visual information into texts to enhance
machine translation performance. Experimental results on three
benchmark translation tasks demonstrate the effectiveness and
superiority of our proposed method. Ablation studies show that
the proposed method could extract helpful visual information
to promote visual-to-textual fusion, and the effectiveness of
visual features in machine translation is verified by adversarial
evaluation. In addition, case study and human analysis further
confirm the effectiness of our proposed approach for machine
translation.
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